Timely crop information, i.e. well before harvesting time and at first stages of crop development, can benefit farmers and producer organizations. The current case study documents the procedure to deliver early data on planted tomato to users, showing the potential of Sentinel 2 to map tomato at the very beginning of the crop season, which is a challenging task. Using satellite data, integrated with ground and aerial data, an initial estimate of area planted with tomato and early tomato maps were generated in seven main production areas in Italy. Estimates of the amount of area planted with tomato provided similar results either when derived from field surveys or from remote sensing-based classification. Tomato early maps showed a producer accuracy > 80% in seven cases out of nine, and a user accuracy > 80% in five cases out of nine, with differences attributed to the varying agricultural characteristics and environmental heterogeneity of the study areas. The additional use of aerial data improved producer accuracy moderately. The ability to identify abrupt growth changes, such as those caused by natural hazards, was also analysed: Sentinel 2 detected significant changes in tomato growth between a hailstorm-affected area and a control area. The study suggests that Sentinel 2, with enhanced spectral capabilities and open data policy, represents very valuable data, allowing crop monitoring at an early development stage.
Introduction
Accurate and up-to-date information on agricultural land use is essential to improve land management and food production, as well as to control impacts of farming on the environment. Crop area extent estimates and crop type maps are considered crucial information in agriculture (Inglada et al. 2016) . These data are equally useful for farmers' associations, local land use planners, and regional and governmental agencies, as well as for industrial food groups, and were requested for the specific case of the tomato crop by the Italian Association of Industrial Food Preserve (ANICAV) for the year 2016.
An example of a crop type for which timely information is especially valuable is tomato (Solanum lycopersicum). During the spring and summer seasons, central and southern Italian regions are concerned with activities related to industrial tomato horticulture. At the beginning of the crop season, farmers' associations and organizations require estimates about the tomatoes that will be produced, which are presently derived from annual voluntary reports on areas with transplanted tomatoes submitted by farmers. The total tomato cultivation area is variable, due to seasonal and annual turnover of cultivation, and it is also influenced by spring commercial agreements between the production and the agro-industrial sectors. The amount of planted tomato can be used by producer associations to receive economic support from governmental agencies; precise tomato estimates allow improvements in organization of the industrial transformation cycle; early data on tomato production may stabilize the market price, as uncertainty about expected production may cause speculation. The extent of tomato cultivation areas, as well as of other seasonal crops, is traditionally obtained through field assessments conducted by local agents; these data are limited and cannot be used to produce accurate estimates.
Remote sensing supports agricultural monitoring in different ways: hyperspectral and multispectral very high spatial resolution data are preferred, thanks to their ability to detect differences in reflectance found among crops, vegetation growing stages, or health conditions. Examples range from the classification of different crops (De Wit & Clevers 2004; Fisette et al. 2005; Turker & Arikan 2005; Conrad et al. 2010; Förster et al. 2012; Inglada et al. 2015) , to the detection of crop diseases (Hillnhütter et al. 2011; Mahlein et al. 2012) , the assessment of health and support to precision farming (Seelan et al. 2003; Zhang et al. 2003; Pan et al. 2015) , and to estimates of productivity (Mosleh et al. 2015; Geipel et al. 2016) . Integration of multispectral and Synthetic Aperture Radar (SAR) data was also experimented with successfully in crop mapping research by Forkuor et al. (2014) and Inglada et al. (2016) .
Remote sensing provides data needed in horticulture (Usha & Singh 2013) . Tomato mapping has previously been conducted successfully, but with data at very high resolution:
by Ozdarici-Ok et al. (2015) using single multispectral satellite images with spatial resolution < 4 m, and by Senthilnath et al. (2016) using Unmanned Aerial Vehicle (UAV) data. Other tomato-specific studies include the detection of stress induced by late blight disease using hyperspectral data by Zhang et al. (2003) , the correlation between vegetation indices and tomato yield, together with an analysis of spatial crop variability, done with proximal sensing by Marino & Alvino (2014) and ground-based tomato remote sensing carried out by Mastrorilli et al. (2010) to evaluate crop water status dynamics. With on-demand airborne surveys, the ability to choose different on-board sensors allows specific data requirements to be met, in terms of spatial and spectral resolutions. Airborne surveys are an excellent option when resources are available, but the high data acquisition and processing costs, as well as the limited area coverage, hamper their operational and routine use in agriculture monitoring.
Among satellite platforms, hyperspectral sensors are best suited for crop characterization (Thenkabail et al. 2013) and provide better results than multispectral ones for single crop monitoring (Mariotto et al. 2013) . However, the current absence of hyperspectral satellite data, and the high costs associated with hyperspectral airborne surveys, limit their applicability. Advancements in spatial and spectral resolutions of recent multispectral sensors, together with the large area covered by a satellite image and the possibility of close multitemporal acquisitions, allows new possibilities in crop monitoring. For instance, the RapidEye sensor has been used frequently and successfully in agricultural monitoring, thanks also to the availability of a red-edge band, which allows discrimination of very fine differences in the reflectance of vegetation (Conrad et al. 2014; Shang et al. 2014; Gerstmann et al. 2016) . Satellite data at very high resolution are available through commercial services that perform on-demand acquisitions, but their high cost limits an operational use in crop monitoring.
The advent of an open data satellite mission specifically tailored to agricultural monitoring, such as Sentinel 2 (S2) by the European Space Agency (ESA), broaden the opportunities of agricultural monitoring (Drusch et al. 2012; Immitzer et al. 2016) . At full operability, S2 has a 2-5 day revisiting time according to latitude, an enhanced spectral resolution with 13 bands from 490 to 2190 nm, and a spatial resolution variable between 10 and 60 m according to band.
Considering the very high resolution needed to cope with the limited extent of tomato fields, the variability in transplanting dates in Italy, as well as the spectral similarity of tomato with other vegetable crops, tomato mapping at an early crop development stage can be considered a challenging task, unless very high-resolution data from optimal dates are used. Tomato information is requested by users very early in the cropping season, when crops
are not yet mature and discrimination from other crops is difficult; with the limited time between transplanting dates and early estimate requests, the availability of cloud-free satellite images is also reduced.
The current study documents the results obtained for early tomato field detection and mapping using data from ground surveys, airborne data and remote sensing imagery, in seven areas previously identified in Central and Southern Italy. Additionally, an analysis of damage caused by a hailstorm during the growing season in one sub-area was also carried out. The main questions were related to the suitability of S2 to estimate tomato accurately at an early stage of crop development, and to identify abrupt growth changes in this crop.
Materials and Methods

Study areas
The seven study areas (Fig. 1) are located in four Italian regions. The areas are characterized by different climatic conditions (temperature, precipitation), soils (according to pedo-climatic characteristics) and by variable transplanting dates, according to the seasonal climate and farming habits. Usually, transplants occur from the beginning of April to mid-June, with earlier dates in southern areas. Tomato is cultivated annually and has a life-cycle of approximately 100 days; seeds are planted in greenhouses, seedlings are then transplanted, and take about 20-30 days to cover the soil.
In three of the seven areas an early estimate of tomato planted surface was obtained by the first half of June: Campania Piana del Sele (CPS), Puglia nord-Molise-Basilicata (PMB), and Campania Casertano (CC), the areas responsible for most of the production. Tomato field maps were realized by 30 June in 2016 in all the areas.
Ground data
Extensive ground data surveys were carried out in the study areas between May and early June 2016 with the aim of providing ground truthing for satellite data classification, collecting information for all the different crop types occurring. To exclude non-agricultural zones inside the study areas, Corine Land Cover (CLC) 2012 IV level and thematic data extracted from OpenStreetMap (OSM) and Google Earth were used; the latter two include linear features such as narrow roads, railways, water courses and agricultural service areas.
All the non-agricultural zones were masked out to produce the effectively cultivated agricultural surface (Table 1) , which was used in subsequent analysis.
Previously prepared Geographical Information System (GIS) layers, including roads and cadastral maps ('cadastre' is a technical term for a set of records showing the extent, value and ownership [or other basis for use or occupancy] of land) were uploaded onto laptops (Fig. 2), to allow visualization of the information collected during field operations. Local roads were treated as transects for collecting observations; these transects were selected randomly in a number sufficient to homogeneously cover each area. Crop information (geolocation, crop type, growing stage identified as initial, intermediate or full development of plants) was recorded at points along the transects spaced at least 900 m apart, for crops occurring on both sides of the road. Considering the limits in field survey design, imposed by private property and accessibility problems, this strategy was selected to ensure as much random observation of different crop types as possible. The number of observed crops per area is reported in Table 1 .
The minimum number of crops per area, and therefore of points and transects to survey, was established prior to field operations, with the objective to collect information for > 2% of the cultivated surface in each area. However, the mean size of fields is different in each area, according to topography, urbanization, agricultural practices and other local factors. A preliminary analysis of the cadastral maps allowed calculation of the mean size of agricultural fields in each area (approximately 2-4 ha). On the basis of the mean field size per area, the number of crops for which data had to be collected was established for each area to survey > 2% of the cultivated surface. This by-area stratified random sampling approach was selected considering the main aim of tomato detection, the inaccessibility of certain zones, the need of collecting ground truthing homogeneously over the areas of interest, and the uneven distribution of certain crop types. A minimum of 25 validation samples per crop type was required for these infrequent crop types.
Subsequently to ground truth data collection, polygons for the identified crop types were delineated on satellite imagery. Pixels included in these polygons were extracted and used as ground truth (training and validation) in the classification process, after excluding a buffer (internally and externally to the field perimeter) to minimize inclusion of non-cultivated pixels or pixels from adjacent non-identified crops.
A second ground truth survey was performed in late June 2016 in study area CC over 599 fields, using the previously described procedure. This second ground survey, carried out after the aerial survey in mid-June, was done to refine the tomato classification by means of aerial data photointerpretation; it targeted fields not used for satellite data training and validation and aimed to evaluate the improvement in accuracy of tomato maps after refinement based on photointerpretation.
Remote sensing data
In four of the study areas, namely TN, CC, CPS and PMB (Fig. 3) , an aerial survey was conducted between 10-22 June in 2016 using a Sky Arrow 650 TC/TCNS aircraft equipped with the Terrasystem DFR system (http://www.terrasystem.it/en/dfr.htm), a modular system dedicated to agricultural monitoring. For the current study the instruments included were: a multispectral 4 Charged-Coupled Device (CCD) camera in the visible to near-infrared (VIS-NIR) spectral range, a Hasselblad H3dII-31 digital camera, an Ashtech DG14 and Novatel (Fig. 4) . Raw aerial images were converted to standard image format using Hasselblad Phocus 2.5.2 software and then linked visually to ortho-corrected satellite imagery using the flight plan and the log data recorded during the aerial survey.
A total of six S2 mostly cloud-free images were acquired to cover the study areas ( 
Data analysis
The first activity was the very early estimate of tomato-cultivated surface based on quantitative ground data: this is a numerical estimate, producing timely information on the number of hectares planted with tomato, conducted when the development of plants is too limited to allow remote sensing use.
For the first activity, the Tomato planted Surface (TS) was calculated in each study area according to the following formula:
where p is tomato frequency among crops observed in the ground survey, TA is the cultivated surface and c is a correction factor equal to the mean of the ratio between early estimated tomato surface and final mapped tomato surface as recorded in previous years (2013 and 2014 , unpublished data from Associazione Nazionale Industriali Conserve Alimentari Vegetali [ANICAV]). Coefficient c was introduced to compensate for the error caused by annual variability in sample distribution, tomato field size, TA and TS. Until now, only two years were available for c calculation; however, the factor was introduced in view of future tomato estimates. It is area-specific and ranged between 0.97 and 1.58.
The second activity was tomato mapping at the beginning of crop season based on S2 stacked bands and vegetation indices, used separately or together as input in the classification algorithm. The first ground truth dataset, divided per crop type and area, was partitioned into training (0.65) and validation (0.35) sets, and used in Maximum Likelihood (ML) supervised classification of S2 images. The results were evaluated using confusion matrices and k coefficients. In one area (PMB), three S2 images were needed for full area coverage; they were classified separately. A total of nine classifications were generated and non-tomato crops were aggregated to produce binary maps of tomato and non-tomato fields. Overall accuracy, Kappa coefficient (K), and user and producer accuracies were reported to help evaluation of the results. Overall accuracy provides an overall evaluation of the mapping effort and reveals what proportion of the validation sites were mapped correctly. The Kappa coefficient is a statistic that evaluates how well the classification performs compared to assigning values randomly and ranges from -1 to 1. User accuracy corresponds to errors of commission (inclusion) and producer accuracy to errors of omission (exclusion). To support interpretation of the results, the Pearson correlation coefficient was computed between tomato user/producer accuracies and number of classes; similarly, the correlation between number of pixels employed in validation and tomato users/producer accuracy was calculated. Aerial surveys were also conducted in TN, CC, CPS and PMB areas and tomato classification results were refined using additional validation data derived from on-screen photointerpretation of the aerial data.
To evaluate the role of photointerpretation, implying a consistent use of additional resources, the refined tomato maps in CC area were re-validated with additional data derived from the second field assessment, not previously used for satellite data training or validation.
All tomato maps were edited to correct imprecisions in field boundaries generated during the supervised classification process and, where more than one classification was present, the resulting maps were mosaicked to obtain a single map per area.
The third activity concerned the ability of satellite data to detect abrupt changes in tomato growth due to a hailstorm that occurred on 19 June 2016 in the Lesina area, in the northern range of the PMB area. This task was conducted comparing pre-and post-event imagery. The pre-event image was from S2, dated 23 May, while the post-event image was from S2, dated 22 June. Differences in tomato growth rate between the area affected by the hailstorm (360 km 2 ) and a neighbouring area of similar extent (320 km 2 ) were evaluated ( 
Results
The early quantitative estimate of tomato surface was 2500 ha in CC, 1300 ha in CPS and 20300 in PMB. The comparison of these values with tomato surfaces estimated per area by classification (illustrated in Table 1 ) for these specific three areas reveals that larger differences in surface between early estimates and final tomato classifications are found in CPS (+29.8%), compared to CC (+6.9%), with only minor differences found for PMB area (+2.3%).
The overall accuracies of the ML classifications for each area, with details for tomato class producer and user accuracies, number of crop types and number of tomato validation pixels, are presented in Table 3 . The second tomato validation was carried out in CC only, after refinement by photointerpretation of aerial data. Table 4 compares tomato producer and user accuracies, over the same fields, obtained before (at first classification of satellite data) and after refinement (after using aerial information).
For evaluation of damage caused by a hailstorm in the Lesina area, the statistics for tomato growth calculated using pre-and post-event S2 images are illustrated in the upper part of Table 5 . Results indicate that in the control area, the NDVI of the post-event image is approximately 1.5 times higher than that of the pre-event image. The Student's t-test revealed significant (P < 0.01) results in Lesina and the control areas.
With respect to damage extent and evaluation, it was considered that fields were damaged when TG in the affected areas was lower than 'mean -(2 × standard deviation)' of TG in the control area. According to this, 179 ha was identified as damaged, equal to 0.10 of the hectares of tomato in the control area, a value similar to that (approximately 200 ha)
informally reported by a local producer organization.
The pre-event tomato growth statistic based on S2 and RapidEye images, computed to evaluate the similarity of the NDVI response between two different imagery types, is illustrated in the lower part of Table 5 : it shows that values from the two sensors are very similar, in accordance with the hypothesis that the observed decrease in tomato growth can be attributed to the hailstorm event. The Student's t-test result for tomato growth in Lesina and the control area was significant (P < 0.01).
The original classifications are shown at the end of the manuscript in Tables 6 to 14 . 
Discussion
The early quantitative estimate of tomato-cultivated surfaces, realized in mid-June (about 1 to 8 weeks from transplanting), was based on the frequency of occurrence of tomato in the field survey; it did not exploit remote sensing data because in most cases crop development is too limited for remote detection at that stage. The comparison of these early quantitative estimates with the surfaces derived from the ML classifications (obtained a few weeks later)
indicates differences, which are variable according to the study site. The lowest difference, hence best result, was found in PMB: this result was attributed in part to the early transplanting dates caused by warmer climate, and also to the larger size of agricultural fields and better road network. Both factors facilitate the collection of evenly distributed and representative tomato ground truth and thus may lead to more accurate early estimates.
Conversely, the highest differences between early estimated and classified tomato surface are found in CPS, an area characterized by landscape fragmentation, topographic heterogeneity, limited mean field size and less diffuse road network. These early results must be viewed with caution: the early quantitative estimate method did not allow validation, surveys were carried out when tomato recognition is most difficult and when some transplanting remained to be done, and the sampled surface was limited. In addition, the limits imposed to sampling design -due to field accessibility problems -and ground truth data collection may have The results of tomato damage evaluation indicate that S2 is valuable for monitoring crop growth; the similarity in response between S2 and RapidEye in pre-damage conditions also confirms the optimal spectral calibration of S2 data. The damage detection capability is clearly linked to the date of damage occurrence; in this specific case the hailstorm happened in the second half of June, in an area of early transplanting dates and therefore at a medium stage of tomato development. If damage occurs soon after transplanting, detection ability may decrease consistently. Even if there is no availability of proper validation data to confirm the accuracy of estimated damaged surface, the clear change in NDVI supports the use of S2 for damage detection and growth changes in crops.
Conclusions
The current study documents the procedure to obtain early information on tomato-planted areas and maps, a task which is considered not trivial due to the limited development of plants at the time of information production and due to environmental heterogeneity of the agricultural areas. Ground data, Sentinel 2 satellite data, and very high resolution airborne multispectral data were all used to deliver the timely tomato information requested by the users.
In general, the results indicate that early quantitative estimate of tomato cultivated surfaces are possible in these study areas, but their accuracy depended on the heterogeneity of the environment and the agricultural practices, with better results obtained in homogeneous and southern areas, where early transplants take place. The S2 data classified tomato with satisfactory accuracy, even in the presence of multiple crop types, thanks to its enhanced spectral features. However, the number of crop types impacted the accuracy of the results, and the use of aerial data as surrogate ground truth is recommended in sub-areas having high heterogeneity or complex topography. Sentinel 2 was also demonstrated to be a valuable tool for crop growth monitoring and crop damage assessment.
At full operating parameters S2 provides very frequent acquisitions, increasing the chance of cloud-free data at no cost -cloud cover being one of the major limitations for production of information for users' needs. The possibility to integrate S2 with other satellite data, such as free all-weather Sentinel 1 SAR, is another feature in favour of the use of S2 for species-level crop monitoring. On-demand satellite data are acquired in the absence of clouds: however, not only are these data expensive, but acquisition dates cannot be controlled completely, as a sufficient temporal window (usually > 20 days) is requested by data provider. It may be that acquisitions are performed at the very beginning of the temporal window, thus in an early stage of crop development in which crop distinction is unfeasible.
These considerations, together with the presented results, indicate that Sentinel 2 can be successfully employed to provide users with early information on specific crops. 
